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The exponential growth of the mobile app market underscores the importance of constant innovation and
rapid response to user demands. As user satisfaction is paramount to the success of a mobile application (app),
developers typically rely on user reviews, which represent user feedback that includes ratings and comments
to identify areas for improvement. However, the sheer volume of user reviews poses challenges in manual
analysis, necessitating automated approaches. Existing automated approaches either analyze only the target
app’s reviews, neglecting the comparison of similar features to competitors or fail to provide suggestions
for feature enhancement. Given their strong natural language understanding capabilities, Large Language
Models (LLMs) offer an effective solution for extracting insights from vast amounts of user reviews and
generating meaningful suggestions. To address these gaps, we propose a Large Language Model (LLM)-based
Competitive User Review Analysis for Feature Enhancement) (LLM-Cure), an approach powered by LLMs
to automatically generate suggestions for mobile app feature improvements. More specifically, LLM-Cure
identifies and categorizes features within reviews by applying LLMs. When provided with a complaint in a
user review, LLM-Cure curates highly rated (4 and 5 stars) reviews in competing apps related to the complaint
and proposes potential improvements tailored to the target application. We evaluate LLM-Cure on 1,056,739
reviews of 70 popular Android apps. Our evaluation demonstrates that LLM-Cure significantly outperforms the
state-of-the-art approaches in assigning features to reviews by up to 13% in F1-score, up to 16% in recall and
up to 11% in precision. Additionally, LLM-Cure demonstrates its capability to provide suggestions for resolving
user complaints. We verify the suggestions using the release notes that reflect the changes of features in the
target mobile app. LLM-Cure achieves a promising average of 73% of the implementation of the provided
suggestions, demonstrating its potential for competitive feature enhancement.

CCS Concepts: « Software and its engineering — Software maintenance tools.

Additional Key Words and Phrases: LLM, Mobile applications, User reviews, Feature Enhancement, Competitor
analysis

ACM Reference Format:

Maram Assi, Safwat Hassan, and Ying Zou. 2024. LLM-Cure: LLM-based Competitor User Review Analysis for
Feature Enhancement. ACM Trans. Softw. Eng. Methodol. 1, 1 (April 2024), 29 pages. https://doi.org/10.1145/
nnnnnnn.nnnnnnn

1 Introduction

The mobile application (app) market is experiencing explosive growth, with global downloads
reaching a staggering 257 billion in 2023 [11]. This surge in app adoption has fostered a highly
competitive environment among apps within the same categories that offer similar functionalities,
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i.e., competitors. For instance, WhatsApp', leading the messaging app category with 51 million
monthly downloads, competes with at least ten other apps, each having millions of downloads [10].
A similar competition is evident in the video conferencing category, where Zoom? and Skype® are
key players[15, 44]. During the pandemic, Zoom swiftly adapted to user demands by optimizing its
platform for large-scale virtual meetings and enhancing security features, while Skype struggled
to keep pace [47, 55]. To stay relevant and competitive, developers must rapidly respond to user
needs. User reviews contain rich information, such as feedback, dissatisfaction and suggestions
regarding the user experience of the usage of mobile apps. These reviews offer developers critical
insights into areas for improvement and opportunities for feature enhancements [2, 45, 50, 57, 62].
To stay competitive, developers need to learn from their competitors’ behaviours to maintain a
competitive edge [54]. Competitor user review analysis involves comparing user feedback, ratings,
and reviews of competing mobile applications to identify strengths and weaknesses relative to
competitors. By analyzing user reviews from competing apps, developers can uncover insights into
features that address unmet needs, potentially giving their app a significant advantage.

Given the sheer volume of reviews [25], it is challenging to analyze user reviews manually. Prac-
titioners need an automated feedback analysis process [57]. Hence, researchers propose automated
approaches to filter informative reviews [12, 24], summarize user reviews [22, 59] and extract
features from user reviews [14, 32, 33, 53, 59]. While existing research has been conducted on
automated user review analysis, only a limited number of studies focus on competitor user review
analysis, where reviews across competing apps are compared [7, 27, 34, 42, 51, 54, 61]. Recent ad-
vancements in Large Language Models (LLMs) have demonstrated their capabilities across various
natural language processing (NLP) tasks, including text generation, translation, summarization,
and question answering [40]. Although LLMs offer promising applications for mobile app review
analysis, current LLM-based research primarily focuses on tasks, such as sentiment analysis [48, 66],
aspect extraction [64], analyzing multilingual reviews [63] and accessibility-related reviews [19].

Researchers have explored various approaches to conduct competitor user review analysis
[7,14,34,36,51, 54]. However, existing work presents some limitations. First, the existing approaches
often generate an overwhelming number of fine-grained features [14, 51, 54] due to comparing the
apps’ features based on word pairs, making it hard to conduct competitor user review analysis with
thousands of features [52]. Second, competitor user review analysis is only conducted by identifying
explicit expressions of comparison (e.g., "Zoom’s screen sharing is way smoother than Skype’s")
[34]. However, users often provide feedback without explicitly naming competitors, making it
challenging to extract meaningful comparisons. Implicit insights refer to the underlying sentiments,
feature expectations and areas of dissatisfaction that can be inferred even when direct comparisons
are not stated.

Third, existing work on competitor user review analysis [7] offers only feature rating comparisons
lacking the ability to suggest concrete improvements for specific features based on competitors’
user feedback.

To address the limitations of existing work, we propose an LLM-based Competitive User Review
Analysis for Feature Enhancement (LLM-Cure). LLM-Cure automatically generates suggestions for
mobile app feature improvements by leveraging user feedback on similar features from competitors.
LLM-Cure operates through two phases. In the first phase, it leverages its large language model
capabilities to extract and assign features to user reviews. In the second phase, it curates underper-
forming features among those identified in the first phase for the target app and suggests potential

Thttps://play.google.com/store/apps/details?id=com.whatsapp
https://play.google.com/store/apps/details?id=us.zoom.videomeetings
Shttps://play.google.com/store/apps/details?id=com.skype.raider
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improvements for specific complaints by leveraging highly rated similar features in competing
apps. Specifically, LLM-Cure leverages large language models such as Mixtral-8x7B-Instruct-v0.1 and
GPT-40 mini to extract and categorize features in a more semantically meaningful manner, reducing
noise and eliminating overly granular feature sets that limit existing work [14, 50]. Unlike prior
work, LLM-Cure goes beyond explicit comparisons by analyzing user complaints and retrieving
highly rated competitor reviews to infer missing features and identify potential enhancements.
LLM-Cure leverages the semantical categorization of features to conduct the comparison. Addi-
tionally, LLM-Cure generates actionable suggestions by learning from competitor features and
providing developers with concrete recommendations rather than just comparative ratings. By
integrating these capabilities, LLM-Cure enhances the effectiveness of competitor user review
analysis, enabling more informed decision-making for feature improvements.

To evaluate the effectiveness of our proposed approach, we conduct an empirical study on
1,056,739 reviews of 70 popular mobile apps from the Google Play store belonging to 7 categories.
We evaluate the ability of LLM-Cure to (1) accurately assign features to user reviews and (2) offer
the developers targeted suggestions for improving the features of their apps based on a specific
complaint. We structure our study along by answering the following research questions (RQs):

RQ1: How effective can LLMs be in extracting features from user reviews?

Automatically extracting features from user reviews provides developers with an efficient
way to gain valuable insights into the strengths and weaknesses of mobile app features. In
this RQ, we evaluate the ability of LLM-Cure to automatically extract features from user
reviews. We show that LLM-Cure achieves an average F1-score of 85%, an average recall of
84% and an average precision of 86% in assigning features to user reviews, outperforming the
state-of-the-art approach by 7%, 9% and 4% in F1-score, recall and precision respectively on
average.

RQ2: Can LLMs leverage categorized user reviews to generate suggestions for feature

improvements?

Automatically generating feature improvement suggestions from competitor user reviews
allows developers to address specific complaints and stay competitive in the market. By
leveraging the extracted features from user reviews, LLM-Cure can pinpoint underperforming
features and provide actionable suggestions for enhancement. To validate the suggestions
generated by LLM-Cure, we cross-reference the suggestions with the release notes, verifying
if similar improvements have been implemented in the subsequent releases. We find that 73%
of the suggested enhancements by LLM-Cure are implemented in the release notes.

The main contributions of our work are as follows:

(1) We propose an LLM-based approach, LLM-Cure, for automatically suggesting feature enhance-
ments through competitor user review analysis.

(2) We develop an efficient method for extracting and assigning features to user reviews, surpassing
state-of-the-art approaches by an average of 7% in F1-score.

(3) We conduct an empirical study on 1,056,739 user reviews of popular apps from the Google Play
Store to evaluate the effectiveness of LLM-Cure in providing suggestions for feature enhance-
ments. LLM-Cure achieves a promising 73% Suggestions Implementation Rate.

Paper organization. The rest of the paper is structured as follows. Section 2 provides background
about LLMs. Section 3 presents the overall proposed approach. Section 4 shows our experiments

and describes the experimental setups, and results of our research questions. Section 5 describes
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the possible threats of this study. Section 6 discusses the related work. Lastly, Section 7 wraps up
the study and explores future research directions.

2 Background and Motivation

Large Language Models. Pre-trained Large Language Models (LLMs) are deep neural networks
that have undergone extensive training on large text data that have enabled them to learn complex
patterns and structures of language [67]. In the realm of software engineering, LLMs have gained
significant attention and adoption for various apps [29], including code generation [18], code repair
[21], and documentation generation [65]. Hence, LLMs offer promising avenues for automating soft-
ware development processes and enhancing developer productivity. Although LLMs are primarily
designed for generating text, their output can be influenced by specific instructions communicated
through prompts [56].

Prompting. Prompting is a technique used to communicate expectations and guide the LLM’s vast
knowledge and capabilities towards achieving a specific goal [68]. Prompting involves providing
instructions to LLMs to guide their generation process and elicit specific types of responses, enforce
constraints, or guide the model toward certain stylistic elements. In the software engineering realm,
prompting can be used to elicit code snippets, documentation, or other relevant text based on user
requirements.

In-Context Learning and Few-Shot Learning. Leveraging pre-trained models, i.e., LLMs, for
downstream tasks often requires further fine-tuning on domain-specific labeled data [30]. How-
ever, fine-tuning LLMs for specific tasks can be computationally expensive and resource-intensive,
requiring substantial amounts of task-specific annotated data [9]. Hence, in-context learning and
few-shot learning offer a powerful alternative [17]. In-context learning allows the LLM to adapt
within a single interaction, using some initial information, i.e., context. Few-shot learning consists
of exposing the model to a few examples (i.e., "few shots") to make the model effective for a specific
task. For instance, for sentiment analysis in user reviews where the goal is to classify reviews
as positive or negative, few-shot learning consists of giving the LLM a few examples for each
sentiment, i.e., reviews with associated sentiment. The LLM then uses its existing knowledge and
these few examples to categorize new reviews based on the context provided.

Retrieval Augmented Generation. LLMs can suffer from hallucination and generate irrelevant
or inaccurate responses [31]. This can occur due to limitations in their training data or the lack
of clear context in the prompt. Retrieval-Augmented Generation (RAG) addresses the issue of
hallucination by integrating information retrieval techniques into the generation process [39].
Thus, the RAG retrieves relevant knowledge from external sources based on the input context,
augmenting the model’s understanding. For instance, in the realm of user reviews, RAG can be
employed to enhance the quality of review summarization. The RAG model augments the user
reviews with additional information extracted from external sources, such as sentiment analy-
sis scores, key phrases or keywords, to generate concise and informative summaries of user reviews.

Motivation for Using LLMs in Competitor User Review Analysis. The increasing amount of
user feedback generated for mobile apps makes it increasingly challenging to manually extract
meaningful insights and actionable suggestions for feature improvements. Traditional methods for
analyzing user reviews often fall short in handling this complexity due to issues such as the need
for feature extraction from large volumes of unstructured text and the challenge of synthesizing
feedback into actionable insights. LLMs provide a unique advantage in this context of processing
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Fig. 1. Overall approach of LLM-Cure

a large amount of unstructured text due to their strong natural language understanding and
generation capabilities. LLMs can process and analyze large-scale textual data efficiently, extracting
key insights from user feedback that is context-aware. By leveraging LLMs, it is possible to not only
automate the process of identifying user concerns and categorizing features, but also suggesting
improvements—a task that traditionally requires significant manual human effort. This makes
LLMs particularly well-suited for addressing the challenges associated with competitor user review
analysis, as LLMs can handle both the volume and complexity of user feedback while providing
rich, contextual insights that support actionable recommendations for mobile app development.
The ability of LLMs to adapt through prompting, in-context learning, and few-shot learning also
allows them to perform domain-specific tasks (for every mobile app category) with minimal
retraining, further increasing their utility where rapid adaptation to new tasks and datasets is
essential. Additionally, when combined with techniques like Retrieval-Augmented Generation
(RAG), LLMs can enhance the quality and relevance of the insights they generate, assisting mobile
app developers in expediting the responses to the users’ feedback to maintain their competitiveness.
Thus, the application of LLMs to competitor user review analysis represents a promising approach
to automating and improving the process of feature enhancement in mobile apps, ultimately
supporting the development of more user-centric and competitive applications.

3 LLM-Cure

LLM-Cure is designed to identify user complaints from user reviews and provide suggestions for
developers to enhance features that require the developer’s attention. More specifically, LLM-
Cure operates in two distinct phases: (1) Scalable Feature Extraction and Assignment that focuses
on identifying and assigning features from user reviews of competing apps and (2) Suggestion
Generation with Competitor Reviews that leverages the extracted features to identify user complaints
from a target app and generate suggestions for feature enhancement leveraging the competitor
reviews. By incorporating user feedback from competitor reviews, LLM-Cure helps developers
address user complaints with a competitive edge. Figure 1 provides an overview of the approach.
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Below are user reviews, each separated by newline escape. Prowvide the
list of the top 14 distinct high-level features presented in all the
reviews with a brief meaning of each feature.

High-level features refer to the main functicnalities (e.g.,
{functionality 1} ecr{functicnality 2} and the main characteristies (e.g.,
{characteristic 1} and {characteristic 2}) of an app.

For example, the two fine-grained features, {fine-grained feature 1} and
{fine-grained feature 2} belong te the same high-level feature, {high-
level featurel

Below is an example of user reviews with the corresponding high-lewel
feature.

Review: {review sample 1}

1. {feature}: {feature description}

{User reviews!}

Fig. 2. Template of LLM-Cure’s prompt for feature extraction

3.1 Scalable Feature Extraction and Assignment

Step 1: Extracting Features with Batching and Matching. This step focuses on identifying
the top features that can be summarized by LLMs from an extensive collection of user reviews.
However, LLMs have limitations on the amount of context they can process at once. To address this
challenge and make our approach scalable, we introduce the so-called batch-and-match approach
that incrementally extracts the top k features from a large corpus of user reviews. Our approach
consists of three processes:

(D) Batching reviews and extracting features. Batching reviews involves dividing a large volume of
reviews into manageable batches for incremental processing and feature extraction using LLMs.
First, we shuffle the entire collection of user reviews of a group of competing apps to ensure
randomness. Let R = {ry, 1y, ..., ', } represent the shuffled user reviews where m is the total number
of reviews. To efficiently process the large volume of reviews, we split the shuffled reviews R into
batches of a predefined size s (e.g., 1,000 reviews) that fit within the LLM context size. We denote the
batches as B = {By, By, ..., B, }, where n is the total number of batches. Each batch B; corresponds
to a set of individual reviews R; = {r;, rit1, ..., Tits }, with each r; being a user review in batch B;. We
process each batch B; sequentially using the LLM. For each batch B;, we prompt the LLM to extract
the top k features, denoted as F;, from the set of reviews R;. The value of k is a hyper-parameter
that can be tuned to optimize the performance of LLM-Cure depending on the selected dataset. The
Feature extraction prompt, illustrated in Figure 3, identifies the top k features for a specific app
category. It is structured to encapsulate the task description, define features, include a one-shot
example, and present the list of user reviews.

(2) Matching and merging similar features. Since we process thousands of reviews in batches due to
limitations on the LLM’s context handling, the extracted features might sometimes use different
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Below are user reviews, each separated by newline escape. Provide the
list of the top 14 distinect high-level features presented in all the
reviews with a brief meaning of each feature.

High-level features refer to the main functionalities (e.g., "Blackout
broadcasting™ cr "Playoff coverage™) and the main characteristics (e.g.,
"UI appearance" and "Rpp stability") of an app.

For example, the two fine-grained features, "High provider prices" and
"Cable paid options," belong to the same high-level feature,
"Subscription service."

Below is an example of user reviews with the corresponding high-lewel

feature.
Review: "The game I want to watch is blacked out."
1. Blackout Brecadcasting: feature represents the broadcasting

restrictions imposed on some games.

{User reviews}

Fig. 3. Example of LLM-Cure’s feature extraction prompt for the Sports News category

wording. For instance, in one batch, the LLM might identify "Advertisements" as a feature, while an-
other batch might highlight "In-app Advertisements". Both features represent the same functionality
extracted from the user reviews. To ensure a non-redundant feature identification, we address this
challenge by incrementally combining similar features after processing each batch B;. F; represents
the features extracted from batch B;. We define M; as the set of matched and merged features until
batch B;. The merging process starts with the top K; features extracted from the first batch B;. For
the first batch, M; = F;. For subsequent batches (B;, i > 1), we compare features in F; with M;_;
features already identified from the previous batch B;_; and match then merge the similar features.
Word embeddings and cosine similarity are employed to achieve the merging. Word embeddings
represent the features in a high-dimensional vector space, capturing their semantic meaning [8].
Cosine similarity, a metric for measuring similarity between vectors, is then calculated between the
embedding vectors of features F; and M;_; from different batches. Features exceeding a predefined
similarity threshold tr in cosine similarity are considered highly similar and subsequently matched
and merged. The similarity threshold tr is a hyper-parameter. Therefore, we experiment with
thresholds ranging from 0.7 to 0.85 on a validation set and choose the value that leads to the highest
precision. This incremental process continues with each new batch B;, merging similar features
from F; with the existing merged set M;_; leading to a unique set of features M;.

(3) Verifying convergence and stabilizing features. The challenge in this step is to determine when
the incremental batch-and-match process has sufficiently captured the top k features, avoiding
unnecessary iterations that would consume additional processing time and computational resources
to process the entire volume of user reviews. We address this by defining a convergence threshold
based on the stability of the top k features over a specified number of consecutive iterations N. For
instance, the system starts with the initial merged set (M;). The batch processing continues until
the merged set M; where the merged sets remain unchanged across the last N iterations (from M;
up to M;_y). For example, assuming the convergence threshold is set to 3. LLM-Cure checks if the
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top k features identified have remained stable for the last 3 batches. This stability indicates that we
have captured the dominant features in the reviews R, and further processing would probably not
yield new features. The convergence threshold N is a hyper-parameter. Therefore, we experiment
with thresholds equal to 3, 5, and 7 on a validation set. Following this convergence step, we obtain
the final set of top k features extracted from the review batches.

Step 2: Assigning Features to Reviews. The prior research on the dataset [7] used in our approach
demonstrates that only 8.6% of the user reviews contain multiple features and that multi-labeling
does not lead to a significant impact on the results. We leverage prior findings to task a language
model to assign one feature to the reviews by constructing a Feature assignment prompt. The
Feature extraction prompt, illustrated in 4, is designed to guide the LLMs in identifying the top k
features for a specific app category. It is structured to include the following elements: a description
of the task, a definition of the features to be extracted, a one-shot example that demonstrates how
the features should be identified, and a list of user reviews that provide the input for analysis. It
begins with a clear task description that explains the objective which identifies key features from
user reviews. Next, it defines the specific features relevant to the app category being analyzed. To
guide the LLM’s response, a one-shot example is provided, demonstrating how the model should
process the reviews and assign the features. The list of user reviews is then presented for analysis.
This design is flexible and can be adapted to different app categories. The task description, feature
definitions, and examples can be tailored based on the specific app and the types of features to be
identified. Consequently, the template in 4 can be adapted for different app categories by modifying
the prompt content accordingly. 5 presents a sample customized prompt for the Sports News
category. As a result, each user review r; is associated with one designated feature, building the
groundwork for targeted analysis and feature enhancement suggestions generation in the second
phase.

3.2 Suggestion Generation with Competitor Reviews

Prior research [23, 58] shows that negative reviews, those with 1 or 2-star ratings, are particularly
interesting to developers as they often contain valuable insights regarding feature complaints and
areas for enhancement. Conversely, positive reviews, typically rated 4 or 5 stars, offer detailed
descriptions of features and positive user experience [38]. These positive reviews are valuable
resources as they often showcase successful implementations of similar features and offer potential
solutions to address user complaints. Additionally, prior research [4, 49] indicates that 3-star ratings
are typically viewed as neutral, or often encompass both praise and criticism of the app features.

In Phase 2, we leverage the user feedback summarized from competitors’ positive reviews to
provide suggestions for the target apps to improve the features associated with negative reviews.
Our proposed method uses an RAG approach to dynamically construct prompts for the LLM that are
augmented with relevant positive user reviews from competing apps. By analyzing these positive
reviews, the LLM can identify successful implementations and suggest potential solutions to user
complaints within the target application. LLM-Cure generates suggestions based on the following
five distinct steps.

Step 1: Curating Popular Underperforming Features. An underperforming feature is defined
as one that has the largest percentage of negative reviews. Identifying underperforming features is
crucial for developers to prioritize areas for improvement and focus on features with the highest
percentage of negative reviews to address user dissatisfaction better. We calculate the Underper-
forming Feature Score (UFS) for each feature by determining the percentage of negative reviews
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Assign only one high-level feature from the list below to each user review.
Assign the category "Other" if you can't find a corresponding category from
the list. Newver assign a feature that is not from the list.

User reviews
{uszer reviews}

List of 14 high-level features and their meaning

1.{feature 1l: feature description 1}
2.{feature 2: feature description 2}
3.{feature 13: feature descriptiocn 13}
4, {feature 2: feature description 14}

Eeview 1l: {review 1 text}
COutput: Review 1, {review 1 text}, {Assigned feature}
Beview 2: {review 2 text}
Cutput: Review 2, {review 2 text}, {Assigned feature}
Review 3: {review 3 text}
Cutput: Review 3, {review 3 text}, {Assigned feature}
Eeview 4: {review 4 text}
Cutput: Review 4, {review 4 text}, {Assigned feature}
Review 5: {review 5 text}

Output: Review 5, {review 5 text}, {Assigned feature}

Provide the output as C5V content: Review#, "Review text",Assigned Feature.
Do not provide any explanations or notes. Do not include the word "feature".

Fig. 4. Template of LLM-Cure’s prompt for feature assignment

associated with it. The formula for UFS for a particular feature F is:

Number of Negative Reviewsy
UFSF = — X 100 (1)
2 i=; Number of Negative Reviews;

Where the Number of Negative Reviews. denotes the number of negative reviews associated with
feature F, and Y¥, Number of Negative Reviews, denotes the total number of negative reviews
across all k features. Sorting features in descending order of their UFS prioritizes those with the
highest percentage of negative reviews. This approach highlights popular features, which are
frequently mentioned in user reviews and are more likely to be experienced by a large portion
of the user base, allowing developers to focus on those most associated with user dissatisfaction[27].

Step 2: Segregating Positive and Negative Reviews. In this step, for a selected underperforming
feature F, we select the negative reviews rated 1 and 2 stars of the target app. Concurrently, we also
curate positive reviews rated 4 or 5 stars of the same feature F from competitor apps. We exclude
reviews associated with a 3-star rating.
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Assign only one high-level feature from the list below to each user review.
Assign the category "Other" if you can't find a corresponding category from the
list. Never assign a feature that is not from the list.

User reviews:
{user reviews}

List of 14 high-level features and their meaning:

1. Device Compatibility: The app's ability to run on various devices and
operating systems.

2. Live streaming: The app's ability to live streaming sports events through the
app.

3. Notifications: The app's ability to send alerts and notifications to users
about games, scores, and news.

4. User interface: The app's design and layout including ease of navigation.

5. Stability and performance: The app's performance, including general quality,
crashes, and freezes.

6. Ads: The presence and frequency of advertisements in the app.

7. Customer support: The app's quality and responsiveness of the customer
support.

8. Score updates: The app's ability to provide real-time scores and updates for
games.

9. Video quality: The app's resolutiecn and overall quality of the video streams.
10. Customization: The app's ability to customize the settings, such as selecting
favorite teams or sports.

11. Subscription service: The app's requirement for a paid subscription to access
certain content or features.

12. Chromecast support: The app's ability to cast content to a TV using
Chromecast.

13. Integration with providers: The app's ability to integrate with other
services, such as social media or cable providers.

14. Sports coverage: The app's variety of types of sports and leagues and
coverage of playoffs and blackouts.

Examples:

Review 1: "I love that Hockey Playoff Nirvana available to be watched."

Output: Review 1, "I love that Hockey Playoff Nirvana available to be watched",
Sports coverage

Review 2: "The game doesn't play on my tablet."

Output: Review 2, "The game doesn't play on my tablet.", Compatibility

Review 3: "A great app but there are far too many notifications I've tried to
turn them off but they're still coming."

Output: Review 3, "A great app but there are far too many notifications I've
tried to turn them off but they're still coming.", Notifications

Review 4: "Game cut out to a black screen during the Stanley Cup playoffs"
Output: Review 4, "Game cut out to a black screen during the Stanley Cup
playoffs", Sports coverage

Review 5: "Excellent way to get access to shows when paying high provider prices"
Output: Review 5, "Excellent way to get access to shows when paying high provider
prices™, Subscription service

Provide the output as CSV content: Review#, "Review text", Assigned Feature. Do
not provide any explanations or notes. Do not include the word "feature".

Fig. 5. Example of LLM-Cure(Mistral)’s prompt for feature assignment for the Sports News Category
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Step 3: Prioritizing Complaint-Rich Negative Reviews. Not all reviews contain the same
amount of details. Some might express generic dissatisfaction, while others delve deeper and
provide specific details about the issues encountered with the feature. In this step, we aim to
guide developers towards the most informative negative reviews, i.e., complaint-rich, for a specific
underperforming feature F. To accomplish this, we implement a ranking mechanism on the negative
reviews associated with the target app, utilizing the TF-IDF (term frequency-inverse document
frequency) score [46]. TF-IDF analyzes the importance of words within a document (in this case, a
user review) relative to their occurrence across the entire dataset of reviews. For a specific feature
F of a target app, we use TF-IDF to calculate a score for each negative review. We sum up the
TF-IDF scores of all words in a review to get a final TF-IDF score for the entire review. Higher
TF-IDF scores indicate that the user review contains terms that are both frequent in the review
and relatively unique across the entire dataset, suggesting detailed and specific feedback. This
score reflects the review’s richness in terms of feature-specific complaints. We select the top n
negative reviews based on the calculated TF-IDF scores. These selected reviews R = {ry, ra, ..., ¢ }
guide developers, directing their attention towards negative feedback rich in informative content
regarding feature complaints specific to the target app.

Step 4: Identifying Candidate Reviews for Relevant Solutions. This step aims to identify
potential recommendations from competitors’ user reviews that might address the complaint in a
specific negative review. This step consists of four processes:

(1) Selecting a negative review. We start by picking one of the top n negative reviews (e.g., r1)
identified in Step 3.

(2) Selecting candidate reviews from competitors. We look at positive (4 and 5-star) reviews P for the
same feature F selected in Step 2. To mimic a practical environment where developers might only
have access to historical data, we further filter out the candidate positive reviews to include only
those with a post date equal to or before the selected target complaint review r;. These reviews
represent the candidates for finding suggestions for improvement.

(3) Creating vector embeddings. We employ an LLM-based word embedding technique to convert
the reviews into vector representations to compare them based on their semantic meaning. Using
the same embedding model, we generate the vector representations for the selected negative review
r1 and all positive reviews Pr. Let V,, represent the vector representation of the selected negative
review ry, and V), denote the vector representation of a positive review p;.

(4) Finding similar reviews. Since all reviews are represented in the same vector space, we leverage
cosine similarity to compare the vectors. The cosine similarity sim(V},, V,,) between the vector
representations of the negative review and each positive review is calculated as:

Vi, -V,

IS S (2)
1V - 11Vl

sim(Vy,, Vp,) =
We rank the positive reviews based on their similarity, and we identify a sample P of positive
reviews that exhibit the highest similarity to the negative review. These selected positive reviews
represent instances where users discuss similar feature characteristics but in a positive context.

Step 5: Prompting Suggestions Using RAG. This step revolves around constructing the prompt
for instructing the LLM to generate the relevant suggestions. Specifically, we design RAG-based
prompts by leveraging the positive reviews identified in Step 4 to provide contextual guidance
to the LLM regarding where to draw suggestions. Then, we instruct the LLM to suggest top N
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\

You are provided with a user review containing a complain about the {feature}
feature of a {app_category} mobile applications.

Using the below list of positive user reviews about the same {feature} feature
found in competitor apps user reviews, suggest 3 enhancements to address the
highlighted user complain.

User review containing complain about the {feature} feature:
{user_review complaint}

List of positive user reviews from competitive apps about the {feature} feature:
{candidates_user reviews}

)

Fig. 6. Template of LLM-Cure’s prompt for featue improvement suggestions

unique and constructive recommendations to enhance the feature F, discussed in review r;, using
the provided sample of positive reviews identified in Step 4. Figure 6 illustrates the template for the
Improvement Suggestions prompt. This RAG-based prompt provides developers with suggestions
derived from positive user experiences, facilitating targeted improvements to address user concerns
effectively.

3.3 Implementation of LLM-Cure

LLM Choice and Application. In our methodology, we experiment with two different LLMs:
Mixtral-8x7B-Instruct-v0.14 and GPT-40 mini[43]. The Mixtral-8x7B-Instruct-v0.14 model, a high-
performing Sparse Mixture of Experts model, was chosen for its balance of cost and performance.
The model consists of multiple expert networks, but only a subset is activated during each inference,
making it computationally efficient. It has been demonstrated that Mixtral-8x7B-Instruct-v0.14
surpasses open source models, including Llama 2 70B5 while achieving 6x faster inference, and it
matches GPT-3.56 performance on standard tasks [1]. The Mixtral-8x7B-Instruct-v0.14 model is an
open-source model, making it accessible to researchers and developers for replication. The model is
installed on a GPU with CUDA and cuDNN for optimized performance, and we use Python scripts
to load the model from the Hugging Face Hub[20]. The system requires a GPU with at least 16 GB
of memory for efficient inference, and we ensure the inference speed is optimized through the use
of Python scripts that interact with the model. The necessary dependencies for this setup include
the torch (PyTorch), transformers (Hugging Face Transformers library), cuda (for GPU support),
and huggingface_hub, all of which are installed within a Conda environment to guarantee smooth
execution.

For GPT-40 mini, a closed-source variant of GPT-4, we access it using the API provided by
OpenAI*. To interact with the GPT-40 mini, we obtain an API key from O which is required for
authentication. We use the official Python API client to send requests to the model and retrieve
responses. To ensure deterministic output, we set the temperature parameter to zero. This approach,
being cloud-based, allows us to scale the analysis without the need for specialized hardware. The
interaction with the GPT-40 mini model is authenticated through the API key.

Result Parsing. After receiving the output from the LLMs, we parse the results using a cus-
tomized Python script. Since our prompts specify the required output format, the LLM responses are

*https://platform.openai.com/docs/overview
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structured accordingly. For example, in the Feature Extraction Prompt, the output consists of a list of
features with their associated brief description. We parse this response to generate a .CSV file with
two columns: "Feature" and "Feature Description." Similarly, for the Feature Assignment Prompt,
we parse the LLM’s output to create a .CSV file that contains each user review along with the
assigned feature. This structured approach ensures that the data generated from the LLM outputs is
efficiently organized and ready for further analysis or integration into the app improvement process.

Embedding Model Choice. To ensure consistency within our approach, LLM-Cure employs the
mistral-embed® word embedding model from Mistral Al during the process that requires word
embedding. Specifically, we used it in the Matching Similar Features process of phase 1 and in the
Identifying Candidate Reviews for Relevant Solutions step of phase 2. We leveraged the Mistral API
to retrieve text embeddings efficiently.

Text Preprocessing. Prior to feeding text inputs into the mistral-embed model, we conducted
standard text normalization processes adopted in previous work [5, 6] to enhance the quality of
the input data by applying tokenization, removal of stop words, stemming, and spell-checking. We
employed the SpellChecker® along with the nltk’ libraries in Python for these preprocessing steps.

4 Experimental Design

We aim to evaluate the ability of LLM-Cure to (1) accurately assign features to user reviews and
(2) provide the developers with suggestions to improve the features of their apps given a specific
complaint. In this section, we describe the experimental setup and discuss the results of our
investigation.

Table 1. Descriptive statistics of 7 competing apps categories

App category Number of apps Number of reviews

Free call 10 291,034
Weather 10 276,941
SMS 10 264,926
Bible 10 64,417
Music player 10 60,685
Sports news 10 57,582
Cooking recipe 10 41,154
Total 70 1,056,739

4.1 Dataset

We employ the same dataset utilized by a previous work [7]. The original dataset is collected
following a systematic approach for selecting and categorizing competing apps. The dataset is built
by initially selecting the top 2,000 free-to-download popular apps from the Google Play Store, based
on the App Annie report [3]. To ensure diversity and avoid bias toward specific app categories, the
study focuses on 29 keywords representing main app features across 17 different Google categories.

Shttps://docs.mistral.ai/api/

Ohttps://pypi.org/project/pyspellchecker/
"https://pypi.org/project/nltk/
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Apps are grouped into 20 distinct categories (e.g., Navigation, Weather, Browser, FreeCall and
Dating) based on these features. Each category includes a sufficient number of competing apps
(e.g., 8 to 10 competing apps) to facilitate competitor user review analysis. This approach aims to
capture a broad range of app functionalities and ensure that each group represents closely related
competing apps. Each app category contains 9 or 10 competing apps. User reviews for the 20
apps are collected, resulting in a total of 14,043,999 reviews. To evaluate our approach against
the baselines, we use the same five categories used by the baselines [7] to evaluate the precision,
namely Weather, SMS, Bible, Music Player, and Sports news. Similar to previous work, we use the
Free call and Cooking recipe categories for hyper-parameter tuning. Specifically, for each category,
we utilize the same statistically representative sample of reviews, i.e., 96 user reviews per category,
resulting in a total of 672 ground truth user reviews to evaluate our approach. Table 1 summarizes
the descriptive statistics of the 70 selected competing app categories. The user reviews of each app
are also available, and each user review records the title of the user review, detailed comment, user
rating and the posting date. Additionally, we have access to the release notes of the apps which
allows us to gain information about the features and updates introduced in each app version.

To evaluate our approach against the baselines, we use the same five categories used by the
baselines [7] to evaluate the precision, namely Weather, SMS, Bible, Music Player, and Sports news.
Similar to previous work, we use the Free call and Cooking recipe categories for hyper-parameter
tuning. Specifically, for each category, we utilize the same statistically representative sample of
reviews, i.e., 96 user reviews per category, resulting in a total of 672 ground truth user reviews to
evaluate our approach. Table 1 summarizes the descriptive statistics of the 70 selected competing
app categories. The user reviews of each app are also available, and each user review records the
title of the user review, detailed comment, user rating and the posting date. Additionally, we have
access to the release notes of the apps which allows us to gain information about the features and
updates introduced in each app version.

4.2 Research Questions

4.2.1 ROQ1: How effective can LLMs be in extracting features from user reviews?

In our work, LLM-Cure suggests enhancements to developers to improve their app features by
identifying features from user reviews. Therefore, we want to evaluate the capabilities of the LLM
in automatically extracting meaningful features from user reviews to understand the feasibility
and potential of LLM-Cure for real-world applications.

Evaluation Metrics. We assess the performance of LLM-Cure by comparing predicted features by
the LLM against the ground truth. We employ three key metrics: 1) True Positives (TP) representing
the correctly predicted features, 2) False Positives (FP) representing the number of falsely predicted
features, and 3) False Negatives (FN) representing features present in reviews but not predicted
by LLM-Cure. We adopt the precision, recall and F1-score as evaluation metrics, and we calculate
them as follows:

TP

Precision = ——— (3)
TP+ FP
TP
Recall = —— 4
AT TP+FN ®)

Precision * Recall
F;-Score = 2 = — (5)
Precision + Recall
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To evaluate the performance metrics of feature extraction, the first and second authors, as two
independent annotators, manually label 672 testing reviews. The Cohen’s Kappa agreement score
[13] is computed on the annotated testing reviews, yielding a high score of 0.82, indicative of a
high level of agreement.

Experimental Setup. LLM-Cure has three hyper-parameters: k the number of the features, the
similarity threshold and the convergence threshold. Previous work that uses the dataset demonstrates
that 14 leads to the best results when set as the number of features. Therefore, we set k as 14,
aligning with previous work on this dataset [7]. To set the similarity threshold and the convergence
threshold, we conduct experiments on the two validation sets, i.e., "Recipe cooking” and "Free Call"
app categories. The results indicate that a similarity threshold of 0.75 coupled with a convergence
threshold of 5 yields the highest precision. Therefore, we adopt these hyper-parameter values for
the testing set. In addition, to prevent exceeding the limited context size of the LLM, we select a
batch size of 1,000 reviews. This batch size is determined based on the varying lengths of individual
reviews. Through experimentation, we have found that 1,000 reviews is optimal, as it ensures that
the total token count of each batch does not exceed the context window of the selected models.

Baselines. To assess the efficacy of LLM-Cure in automatically identifying and assigning fea-
tures to user reviews, we compare its performance against existing baselines FeatCompare[7] and
Attention-based Aspect Extraction (ABAE) [28], using the ground truth of 480 labeled reviews.
In addition, we introduce a baseline called LLM-Basic. Similar to LLM-Cure, LLM-Basic prompts
the LLM to extract features from user reviews. However, unlike LLM-Cure, LLM-Basic does not
incorporate the incremental batching process (batch-and-match) that enhances feature extraction
in LLM-Cure. Instead, we select a statistical sample of reviews from the total set, ensuring it fits
within the context window of the LLM (i.e., 1,000 reviews), and use the same prompt as in LLM-Cure.
The purpose of this baseline is to evaluate the added value of the incremental batching process
in improving feature extraction and overall performance. We implement LLM-Basic using two
different LLMs: LLM-Basic(GPT), which employs ChatGPT-4o0 mini, and LLM-Basic(Mistral), which
uses the Mixtral-8x7B-Instruct-v0.14.

Prompt Construction. To construct the prompts, we adhere to the template provided by Mistral
for our selected model®. LLM-Cure leverages two distinct prompts for Phase 1: the Feature extraction
prompt and Feature assignment prompt. The Feature extraction prompt is illustrated in Figure 3 and
the Feature assignment in Figure 5. The prompts are also available in our research artifact.

Results. LLM-Cure is capable of identifying and assigning features with high F1-score,
recall and precision. As shown in Table 5, across the five testing app groups, LLM-Cure exhibits
F1-scores ranging from 80% to 91%, with precision between 81% and 92% and recall between 80% and
90% for LLM-Cure(Mistral). Similarly, LLM-Cure (ChatGPT) achieves an F1-score ranging between
84% and 90%, with precision between 83% and 90% and recall between 83% and 90%. The results of
the extracted features for LLM-Cure (GPT) are similar to those of LLM-Cure (Mistral), and both sets
of results are included in the replication package. Table 2 and Table 3 show the fourteen features
extracted for the five testing apps categories using the Mistral LLM. These findings underscore the
capability of LLMs to extract features from user reviews without requiring manual annotation.

8https://huggingface.co/mistralai/Mixtral-8x7B-Instruct-v0.1
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Table 2. Top fourteen features extracted from the user reviews of three sample app categories (Part 1)
Feature Description

Weather

Accuracy App’s ability to provide accurate weather forecasts
Radar App’s radar and map and visualization features
Weather Forecast App’s hourly and daily forecasts
Additional Features App’s additional features, such as pollen counts and UV index
Notifications App’s ability to send notifications for weather alerts
Customization App’s ability to be customized, i.e., adding multiple locations
Battery Usage App’s impact on the device battery life
Customer Support Users’ experiences with the app’s customer support
Ease of Use App’s ease of use including widgets and how to navigate
Ads App’s use of ads, including how intrusive they are

App’s compatibility with different devices and systems
App’s design and layout

Performance App’s stability, including how often it crashes or freezes
Updates App’s frequency and quality of updates

SMS
Group Messaging App’s ability to send messages to multiple recipients at once
Dual SIM Support App’s ability to support dual SIM devices
Account Authentication App’s ability to identify and authenticate a user’s account
Customization Ability to customize the app’s appearance and/or functionality
Spam Identification App’s ability to identify and filter out spam messages
MMS Support App’s ability to send and receive multimedia messages
Integration with Other Apps App’s ability to integrate with other apps
In-app Ads Presence of advertisements within the app
Notifications App’s ability to send notifications for incoming messages

Backup and Restore
User Interface (UI)
Call Blocking
Caller Identification
Privacy

App’s ability to back up and restore messages and settings
App’s design and layout

App’s ability to block unwanted calls

App’s ability to identify the caller’s name and/or location
App’s ability to protect the user’s privacy

Sport News

Device Compatibility
Live Streaming
Score Updates
Sports Coverage
Notifications

User Interface
Chromecast Support
Performance

Ads

Customer Support
Video Quality
Customization
Subscription Service

App’s ability to run on various devices and systems

App’s ability to live stream sports events

App’s ability to provide real-time scores and updates for games
App’s variety of types of sports and coverage

App’s ability to send alerts and notifications

App’s design and layout including ease of navigation
App’s ability to cast content to a TV using Chromecast
App’s performance, including general quality and crashes
The presence and frequency of advertisements in the app
App’s quality and responsiveness of the customer support
App’s resolution and overall quality of the video streams
App’s ability to customize the settings

App’s requirement for a paid subscription

AQMdFriderSdisteBratidethodol., Vol. ANp’d .oty tBublitepieatdateiipult P services (cable providers)
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Table 3. Top fourteen features extracted from the user reviews of three sample app categories (Part 2)

Feature Description
Music Player
Playlist Management App’s features for creating, editing, and organizing playlists

Lyrics Integration

Equalizer & Sound Adjustment
Ad-Free Experience

Search

Volume Leveler

Shuffle

Sleep Timer

Sound Quality

User Interface

Notifications

Offline Mode
Chromecast/AirPlay Support
Download

App’s ability to display lyrics in real-time and for offline use
App’s options for sound customization

App’s option to remove ads

App’s ability to allow users to search for a specific song
App’s ability to adjust songs’ volume to a common level
App’s ability to shuffle songs in a playlist or library

App’s option to automatically stop playback

App’s overall sound quality, including volume and bass
App’s design and layout (e.g., theme customization)

App’s ability to send notifications based on user’s preference
App’s ability to download songs for offline playback

App’s wireless streaming with Chromecast or AirPlay
App’s ability to download music for offline listening

Bible

Bible Versions

Daily Verses
Reading Plans
Social Features
Highlighting & Bookmarking
Search Function
Audio Feature
Customization
Offline Access
Devotionals

User Experience
In-App Purchases
Notifications
Comparison Feature

The ability to switch between different translations of the Bible
Daily verse for meditation and reflection

Guided plans for reading the Bible over a set period

The ability to share verses or reflections with users

The ability to mark specific verses for future reference

The ability to search for specific verses or topics in the Bible
The option to listen to the Bible being read aloud

App’s ability to personalize with different themes and fonts
Offline Access and download portions of the Bible
Pre-written devotionals on various topics

App’s layout design and user experience

App’s option to buy extra features or content

App’s ability to send reading reminders

App’s ability for comparison of different bible translations

LLM-Cure significantly outperforms LLM-Basic, FeatCompare and ABAE baselines

across the testing apps. Table 5 shows that on average, LLM-Cure achieves a 7% improvement
in F1-score, a 9% improvement in recall and a 4% in precision as compared to the baselines. To
quantitatively assess these differences, we conducted paired t-tests. A paired t-test [41] is a sta-
tistical method used to determine whether there is a significant difference between the means
of two related groups. In our case, these groups are the performance metrics of LLM-Cure and
FeatCompare, the best performing baseline. Our findings indicate that LLM-Cure significantly
outperforms FeatCompare in both F1-score and precision. Specifically, the paired t-test for F1-score
yielded a t-statistic of 3.723 with a p-value of 0.02, confirming a statistically significant difference.
Similarly, the paired t-test for precision resulted in a t-statistic of 4.784 and a p-value of 0.009,
further underscoring LLM-Cure’s superior performance.
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The batch-and-match process of LLM-Cure improves the performance of feature ex-
traction.LLM-Basic, which only processes a single batch of reviews, achieves lower performance
compared to LLM-Cure. On average, LLM-Cure improves the F1 score by 9% for LLM-Cure(Mistral)
and 4% for LLM-Cure(GPT). These results highlight the benefit of LLM-Cure’s incremental processing,
batch-and-match, and its ability to extract features more effectively and with higher performance
(e.g., F1-score). Instead of processing the entire set of user reviews, LLM-Cure processes only a
fraction of the total reviews. Table 4 illustrates the percentage of user reviews needed by LLM-Cure
to achieve convergence and extract the features. LLM-Cure outperforms all baseline methods while
processing only between 3% and 30% of user reviews when using Mistral model and between 4%
and 31% for GPT, achieving feature saturation without the need for processing the entire dataset.

LLM-Cure performs consistently across different sentiment categories. To further inves-
tigate whether LLM-Cure classifies positive versus negative reviews with different precision, we
conduct an analysis based on the sentiment categories. We find that positive and negative reviews
present similar results across categories, with at most 3% of differences. The average precision for
positive reviews across these categories is 85.69%, while for negative reviews, it is 85.78%. These
findings indicate that there is no significant difference in classification F1-score between positive
and negative reviews, demonstrating that our approach is not sensitive to the sentiment of reviews.

Table 4. Number of batches and percentage of reviews required to extract features using LLM-Cure for
two models. ’Num. denotes the number of batches and ’Per. denotes the percentage of reviews. LLM-Cure
(Mistral) refers to LLM-Cure implemented with the Mixtral-8x7B-Instruct-v0.14 model, while LLM-Cure
(GPT) refers to LLM-Cure implemented with GPT-40 mini.

App category LLM-Cure (Mistral) LLM-Cure (GPT)
Num. of batches Per. of reviews Num. of batches | Per. of reviews
Weather 7 3% 12 4%
Bible 4 6% 5 8%
SMS 24 9% 10 4%
Sport News 8 14% 18 31%
Music player 19 31% 8 13%

Table 5. Performance comparison of LLM-Cure and baselines on five testing app groups in feature assignment.
‘P’ denotes Precision, ‘R’ denotes Recall, and ‘F;’ denotes F1-score.

A LLM-Cure | LLM-Basic | LLM-Cure | LLM-Basic
PP (Mistral) | (Mistral) (GPT) (GPT)
Category P R F P R F P R F P R F P R F P R F

FeatCompare | ABAE

Weather 92 90 91 80 77 79 85 83 84 82 78 80 81 74 78 64 64 67
Sports News | 81 80 80 67 65 66 90 90 90 82 82 82 82 75 78 71 65 68
Bible 83 83 83 78 75 77 83 83 83 83 82 82 81 77 79 72 69 70
SMS 86 83 85 77 76 77 85 85 85 82 81 82 80 74 77 67 62 64

Music Player | 86 86 86 82 82 82 90 90 90 86 87 87 79 75 77 70 66 68

Average 86 84 85 77 75 76 87 86 86 83 82 82 82 75 78 68 65 68
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,—[ Summary of RQ 1 }
LLM-Cure achieves promising F1-scores ranging from 80% to 91% across the five test sets
and 83% and 90% for LLM-Cure(Mistral) and LLM-Cure(GPT) respectively. These results
demonstrate LLM-Cure’s effectiveness in analyzing user reviews without manual data
labeling. The obtained F1-scores surpass the performance of the baselines by an average of
7% and 8% for LLM-Cure(Mistral) and LLM-Cure(GPT) respectively. The batch-and-match
process enables LLM-Cure to achieve a high F1-score with a substantial reduction in the
required user review data, ranging from 3% to 31% for LLM-Cure(Mistral) and 4% to 31% for
LLM-Cure (GPT) across the five app categories.

4.2.2 RQ2: Can LLMs leverage categorized user reviews to generate suggestions for
feature improvements?

RQ2 investigates whether LLM-Cure can leverage categorized user reviews of competitor apps
to generate suggestions for feature improvements. Analyzing competitors’ positive user reviews
allows developers to identify successful features and user preferences across the market, ensuring
their app remains competitive and relevant. By incorporating these insights from competitor re-
views, LLM-Cure empowers developers to make data-driven decisions about feature enhancement,
prioritize user needs, and ultimately create a more competitive app.

Suggestions validation. To evaluate the relevance of the suggestions generated by LLM-Cure, we
employ a retrospective validation approach at the app release level. Our methodology captures a
snapshot of the app version corresponding to the selected user review complaint, ensuring that
the complaint is tied to a specific app version at the time when the review was posted. After
establishing this time-wise snapshot, we assess the relevance of the suggestions by analyzing the
release notes of subsequent app versions. Specifically, we track the features introduced in future
app releases that correspond to the complaints mentioned in the user reviews, and calculate the
Suggestions Implementation Rate (SIR). This process allows us to measure the extent to which the
suggestions provided by LLM-Cure are addressed in future updates, offering insight into their
practical applicability and the effectiveness of the approach over time. We define the SIR the number
of suggestions by LLM-Cure matched in the release notes divided by the total number of suggestions
provided as follows:

Number of Suggestions Matched in Release Notes
Total Number of Suggestions by LLM-Cure

SIR = (6)

Experimental Setup. Experimental Setup. In RQ1, we utilized two LLMs to demonstrate the
effectiveness of our approach. Since both models produced similar results, we proceeded with RQ2
by selecting the LLM-Cure(Mistral) model for further evaluation. Mistral model is an open-source
model, which enables the reproducibility of our experiments by other researchers as well as devel-
opers, and helps avoid the cost associated with closed-source models. We randomly select three
categories to evaluate the feature improvement suggestions. From each category, We select the apps
with a substantial number of informative release notes to ensure that we have a rich data source for
conducting the manual suggestion validation. Specifically, we choose Handcent Next SMS messenger’

“https://play.google.com/store/apps/details?id=com.handcent.app.nextsms
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Table 6. Suggestions Implementation Rate (SIR) of LLM-Cure Feature Improvement Suggestions on the
selected three apps. Avr. denotes Average and Underperf. denotes Underperforming

App App # of Avr. words Underperf. #of neg. # of pos. SIR
category name releases  per release features reviews  reviews

Accuracy 336 8,383 8/9 = 89%
Weather Weather & Clock Widget 44 36 Ease of Use 159 4,313 5/9 = 56%
Performance 157 1,951 4/9 =44%
User Interface 316 686 9/9 =100%
SMS Handcent Next SMS Messenger 140 30 Notifications 297 359 6/9 =67%
MMS Support 229 162 7/9 = 78%
Performance 27 1,947 8/9 = 89%
Sports News  FOX Sports: Watch Live 36 23 Sports Coverage 26 5,640 4/9 = 44%
Notifications 18 6,558 8/9 = 89%

Total SIR 59/81="73%

from the SMS category, FOX Sports: Watch Live!® from the Sports News category, and Weather &
Clock Widget11 from the Weather app category. As shown in Table 6, the chosen Weather, SMS, and
Sports News apps have 40, 140, and 36 release notes, respectively, with average word counts of
36, 30, and 23 per release. For each app, we apply steps 1 to 5 of LLM-Cure’s Phase 2. We focus on
the top three underperforming features that require the most attention from developers. For each
feature, we identify three target complaints. For each user complaint, we generate suggestions to
improve the app features. We obtain a total of 9 suggestions per feature, resulting in 27 suggestions
per app. We then calculate SIR for each feature.

Results. If LLM-Cure had been used, it would have identified 59 out of 81 feature enhance-
ments (i.e., 73%) that were later implemented by developers, demonstrating its potential
to align with real-world improvements. Table 6 shows the SIR for each feature across the three
apps. The results indicate that some features received higher SIRs than others. For example, all the
User Interface-related suggestions for "Handcent Next SMS messenger” were implemented, while not
all Notification-related suggestions for the same app were adopted. This variation can be attributed
to different development priorities or challenges associated with certain feature enhancements.
Furthermore, the release notes sometimes contained high-level descriptions of updates, such as
"Performance improvement,” which may not explicitly detail the changes but could reflect the
overall enhancement suggested by LLM-Cure.

LLM-Cure successfully leverages candidate positive user reviews from competitors to
provide suggestions for feature improvements related to user complaints. We illustrate this
process through two case studies, randomly selecting underperforming features from the Weather
& Clock Widget app. For the underperforming "Ease of Use" feature, we consider the below user
review that highlights an issue where the weather widget fails to update automatically, requiring
manual refreshes:

“Widget won’t update over time it keeps showing
same weather and same TIME until I tap on it and VOVBVEVE
open weather app.”

Ohttps://play.google.com/store/apps/details?id=com.foxsports.android
Uhttps://play.google.com/store/apps/details?id=com.devexpert.weather
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The target review identified two weaknesses in the widget: (1) unreliable timekeeping and
(2) an unfriendly design. LLM-Cure tackles these issues by proposing an automatic refresh
functionality, an improved time synchronization, and the implementation of a refresh icon. These
suggestions directly address the user’s frustrations and aim to improve the widget’s usability.
Specifically LLM-Cure proposes the below three suggestions:

LLM-Cure suggestions for the Ease of Use complaint

Automatic Refresh: Implement an automatic refresh feature for the
widget that updates the weather and time data periodically, so users
don’t have to manually tap on the widget to see the current weather
and time.

Improved Time Synchronization: Enhance the clock functionality
in the widget to ensure that it stays in sync with the device’s internal
clock, eliminating the need for manual time updates.

Clear Refresh Icon and Options: Provide a clear refresh icon and add
options for users to manually refresh the widget, change clock fonts,
and customize the weather update intervals to their preference. This
will give users more control over the widget’s behavior and improve
their overall experience.

Subsequently, we cross-referenced these suggestions with the app’s release notes and found that
developers implemented recommendations provided by LLM-Cure in future releases. For instance,
in release 6.1.0.1, the functionalities "Added option to show forecast every 3 hours on the widget when
you select hourly forecast” and "Enabled digital font for clock and date" were introduced, aligning
closely with the suggestions aimed at enhancing the time synchronization of the widget.

Following the same approach outlined above, we select the below user complaint belonging to
the Radar underperforming feature:

Kk K

"Needs a radar view for everyone’s local area. Not
having it takes away from the app.”

The target review complains about the missing radar view for the local user area. The complaint
highlights a shortcoming in the app’s radar functionality on two fronts: 1) Radar location,
i.e, the user can’t easily see weather patterns in their immediate surroundings and 2) Radar
view perspectives, i.e., the app lacks the flexibility to customize the radar display. LLM-Cure
addresses these issues by proposing customizable views, GPS integration, and real-time radar
updates leveraging relative competitive user reviews. Table 7 illustrates a sample of the candidate
reviews.

Specifically, LLM-Cure offer the below three suggestions:
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LLM-Cure suggestions for the Radar complaint

Customizable Radar Views: Some users have mentioned that they
would like more control over the radar view, such as the ability to adjust
the time frame or overlay different data layers. Adding customizable
radar views could help users get the information they need for their
specific location.

Integration with GPS: Several users have praised radar features that
integrate with GPS to automatically show their current location on
the map. Adding this feature could help users quickly access radar
information for their local area, even if they are not familiar with the
region.

Real-time Radar Updates: Many users have praised radar features
that update in real-time, allowing them to track weather systems as
they develop. Implementing real-time radar updates could help address
the user’s complaint about the app not having a radar view for their
local area.

LLM-Cure’s suggestions directly target the weaknesses identified in the user complaint, demon-
strating its ability to analyze user complaints and propose relevant improvements leveraging the
reviews of competing apps. Furthermore, we analyzed the future release notes for the "Weather &
Clock Widget" app after the user’s complaint (release 5.9.1.3). The improvements mentioned in future
releases aligned with the LLM’s suggestions. For instance, release 6.0.0.1 introduced a "weather
radar service screen," directly addressing the lack of a local radar view. Additionally, release 6.0.1.2
offered the "option to set radar default layer", which aligns with the suggestion for customizable
views.

Table 7. A sample of five reviews regarding the Radar feature from competitors of the "Weather & Clock
Widget" app

Competitors’ user reviews

"I like that the radar is on the first page. Lots of times I just want to see where the rain/snow/storm is
and how close it is. I don’t have to go through a bunch of screens to get there."

"T love that it puts my current location on the radar maps. Great interface."

"Radar update with gps location is very accurate. It helps me in my road trip planning avoiding snow
hazards. Loved it. It has variety of radar scans temperature etc."

"I like the live radar. Wish it was a longer time Frame though."

"Exactly what I need. Easy to find radar. Easy to view by location or other areas."

LLM-Cure’s suggestions often align with functionalities later implemented by the apps
documented in the release notes. Table 8 presents a random sample of LLM-Cure suggestions
alongside corresponding release notes selected from 81 of the total suggestions, demonstrating the
alignment between the feature improvement suggestions and the actual implementations. These
results provide encouraging evidence that LLM-Cure can effectively analyze competitors’ user
reviews and generate suggestions for feature improvements.
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Table 8. Sample of LLM-Cure’s suggestions and corresponding release notes

LLM-Cure’s Suggestions

Release Notes

Add a customizable notification sound: Allowing
users to set their preferred notification sound can
significantly improve their experience

Fixed personalized sound notification

Improve the quality of MMS messages: The app
should allow users to send high-quality images
and videos through MMS

High quality picture compression when
MMS

Reliable MMS delivery: Improve the MMS deliv-
ery system to ensure that messages are sent and
received reliably

Improved send/receive MMS known issues

Improve international sports coverage: Some
users have requested better coverage of interna-
tional sports, such as rugby and cricket

Expanded golf coverage including schedule,
leaderboards, scorecards, tee times, and rank-
ings

Add a dedicated tab for NHRA events: To address
the user complaint, the app could add a specific

Enhanced home screen with all your favorite
team scores, news, and live streams in one

tab for NHRA events, making it easier for users
to find and access coverage of these events

place

Summary of RQ 2 }

LLM-Cure successfully leverages candidate positive reviews of competitors to generate
feature improvement suggestions for user complaints. LLM-Cure achieves a promising
average of 73% of Suggestions Implementation Rate (SIR), demonstrating its potential for
competitive feature enhancement.

5 Threats to Validity

Threats to construct validity relate to a possible error in the data preparation. In LLM-Cure, we
adopt a batch-and-match methodology to accommodate a scalable LLM prompting by employing a
subset of reviews to extract features. We evaluate the validity of our approach by testing it across
various thresholds and validating against ground truth data, ensuring robustness in representation.
To reduce any bias that may be introduced by the order of reviews, we shuffle user reviews before
splitting them to ensure a representative sample of user reviews.

In Phase 2, i.e., the Suggestion Generation with Competitor Reviews phase, we suggest addressing
the most underperforming features, i.e., having the highest number of negative reviews in the target
app. We acknowledge that developers may employ different prioritization (e.g., severity-based,
effort-based) techniques in the real world. However, our methodology remains valid. Our approach
is anchored in the actual reviews rather than the selection approach, thus ensuring the reliability of
our results. Developers have the flexibility to prioritize and address complaints from any features,
whether they are functional or non-functional.

Threats to internal validity relate to the concerns that might come from the internal methods
used in our study. One threat may stem from the selection and design of the prompt templates. To
address this potential threat, we explore different prompts. When provided with the same shot
examples, we observe that the prompt template does not lead to different classification results. All
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the used prompts are available in the replication package.

Threats to external validity concern the ability to generalize the results. One threat concerns the
ability to generalize the results. Specifically, the choice of the LLM utilized in our approach, LLM-
Cure, is a key factor. We acknowledge that each LLM possesses a distinct architecture, potentially
leading to variations in results. However, we opt for Mixtral-8x7B-Instruct-v0.14 (an open-source
model) and GPT-4.0 mini (a closed-source model) for several reasons. As detailed in Section 3.3, both
models achieve similar results across various benchmarks, demonstrating their effectiveness. Mistral
is openly available for researchers, fostering the replication of our work and ensuring transparency
in the evaluation process, while GPT-4.0 mini offers strong performance as a proprietary alternative.
Despite these considerations, it’s important to recognize that the choice of LLM remains a potential
source of variability in our findings. Another threat to external validity pertains to the selection
of categories and datasets. However, similar to prior research[7], we mitigate this concern by
evaluating the validity of our approach across five distinct app categories sourced from ground
truth data. This approach aims to minimize the influence of app selection bias. Additionally, our
method is platform-agnostic, offering applicability to any mobile app, provided it contains user
reviews. This broad applicability enhances the generalizability of our findings beyond specific
categories or datasets.

6 Related Work

Feature Enhancement. Prior approaches have explored automatic feature extraction from user
reviews for feature enhancement [16, 26, 36, 61]. For example, Scalabrino et al. [16] introduce
CLAP, a web application facilitating mobile app release planning by analyzing user reviews. CLAP
categorizes reviews from the target app, prioritizing user concerns to be addressed. Wang et al.
[61] present UISMiner, which supports Ul-related feature enhancement by mining user review
suggestions about UL Gao et al. [26] propose a method for analyzing user reviews to extract
requirements and update app goal models, including feature improvements and additions. However,
these contributions focus solely on individual target apps, lacking consideration of competing apps.
Liu et al. [36] present an approach considering market trends, guiding developers on feature update
strategies by comparing features of similar apps. While Liu et al’s work includes a competitive
analysis aspect, it primarily suggests which features to update rather than offering suggestions for
improvement.

Similar to the aforementioned contributions, our aim is feature enhancement. However, our work
distinguishes itself in two key aspects: (1) we aim to guide developers towards feature enhancements
automatically, irrespective of the feature categories; and (2) we offer a competitive landscape for
feature improvement by harnessing the competitors’ user reviews and the power of LLMs. This
allows us to not only suggest enhancements based on user complaints but also provide insights
into how these features compare with those of competing apps.

Mobile Apps Competitor Feature Analysis. Researchers have proposed methods for extracting
detailed, fine-grained features from user reviews and comparing them across app competitors. Shah
et al. [54] introduce REVSUM, a competitor analysis tool that evaluates sentiment, bug reports,
and feature requests between a target app and its competitors. Dalpiaz and Parente [14] intro-
duce RE-SWOT, which constructs a Strength-Weakness-Opportunity-Threat (SWOT) matrix for
competitor analysis. Another tool by Shah et al. [51] compares two competing apps based on the
selected features and analyzes competitor sentiment. However, relying on fine-grained features
for competitor analysis is impractical due to the large number of features that can be extracted
[7, 14, 52]. In response, Featcompare [7] proposes an automatic approach to mine high-level features
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(i.e., semantic clusters of fine-grained features) from competing apps and compares user sentiment
across these features. However, none of these approaches offer developers suggestions for improv-
ing features. Wang et al. [60] introduce a Ul-focused feature recommender tool for enhancing app
competitiveness by recommending missing features based on the analysis of UI pages from similar
apps. While Wang et al’s work recommends missing features from a target app, it is only limited to
the UI features.

LLMs for Mobile Apps. De Lima et al. [35] propose a method utilizing LLMs to autonomously
identify risk factors from app reviews and prioritize them to anticipate and mitigate risks. Roumeli-
otis et al. [48] conduct an evaluation study comparing the effectiveness of LLMs like Llama and GPT
3.5 in predicting sentiment analysis related to e-commerce. Similarly, Zhang et al. [66] assess the
performance of three open-source LLMs in zero-shot and few-shot settings for predicting sentiment
in user reviews. Xu et al. [64] design a prompt instructing ChatGPT to extract aspect-category-
opinion-sentiment quadruples from text. Wei et al. [63] propose Mini-BAR, a tool integrating LLMs
for zero-shot mining of bilingual user reviews in English and French. Dos Santos et al. [19] analyze
accessibility reviews using LLMs. While the above work leverages user reviews, Huang et al. [63]
introduce CrashTranslator, which automatically reproduces mobile app crashes from stack traces
guided by LLMs to predict the exploration steps for triggering the crash. Liu et al. [37] propose
InputBlaster, leveraging LLMs to generate unusual text inputs for mobile app crash detection. In
our approach, we harness LLMs to provide suggestions for feature improvement, complementing
the aforementioned contributions to support mobile app analysis.

7 Conclusion

In this work, we introduce LLM-Cure, a novel LLM-based approach that conducts Competitor User
Review Analysis for Feature Enhancement. LLM-Cure generates automated suggestions for app
feature improvements by leveraging user reviews from competitor apps to enhance user experience
and maintain competitiveness. Specifically, LLM-Cure leverages LLMs to extract and semantically
categorize features from user reviews eliminating overly granular feature sets that hinder prior
methods. Then, it curates underperforming features in the target app and suggests improvements
by analyzing highly rated similar features in competing apps. Unlike previous methods that rely on
explicit comparisons or simple keyword-based matching, LLM-Cure refines feature analysis through
semantic categorization and generates actionable suggestions, helping developers make informed
decisions. We evaluate LLM-Cure on 1,056,739 reviews of 70 popular Android apps. LLM-Cure
achieves high performance in extracting and assigning features to user reviews, outperforming
baseline methods significantly by up to 13% in F1-score, up to 16% in recall and up to 11% in
precision. LLM-Cure achieves a promising suggestions implementation rate of 58 out of 81. By
combining user feedback with competitor user review analysis, LLM-Cure empowers developers to
make informed decisions, fostering a more competitive landscape.

In the future, we aim to explore agent orchestration between LLMs to enhance the feature analy-
sis process and leverage the complementary strengths of different language models. Additionally,
we aim to expand LLM-Cure’s capabilities by prioritizing suggestions based on factors such as
popularity and potential user impact. To achieve this, we propose conducting a developer-involved
case study to gain deeper insights into how feature improvement suggestions align with real-world
development priorities. This approach will help refine our methodology to better support practical
decision-making. Furthermore, to facilitate the practical adoption of LLM-Cure, we plan to explore
various deployment options. One possibility is to package LLM-Cure as a standalone web-based
tool with a user-friendly interface, allowing developers to easily upload user reviews and receive
feature enhancement suggestions. We also aim to release LLM-Cure as an open-source Python
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package, enabling practitioners to integrate it into their own analytics pipelines and customize it
to fit specific project needs. By making LLM-Cure accessible in these ways, we hope to empower
developers to leverage competitor user review analysis more effectively in real-world development
scenarios.

Data Availability. We provide a replication package including the data and scripts to replicate the
analyses at https://github.com/repl-pack/LLM-Cure.
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